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Abstract

Beef cattle farming is a significant activity in Brazil, and forage quality has a direct impact on animal performance. However, traditional
methods for estimating dry mass, which involve cutting, drying and weighing plant material, are slow and labor-intensive. UAVs
equipped with multispectral sensors, such as the DJI Mavic 3M, offer a faster and more scalable alternative for monitoring mixed-
forage pastures. This study estimates the dry mass of forage mixtures using multispectral UAV data in two scenarios: (i) using only
spectral information and (ii) combining spectral data with canopy height measured in the field. Model performance was evaluated
using R?, RMSE, and percentage error. The multispectral-only model explained 55% of dry mass variability (720.56 kg/ha; 23.67%),
while adding canopy height improved performance to 80% and reduced the error to 589.41 kg/ha (19.36%). Results show that canopy
height enhances the accuracy and operational potential of UAV-based methods for estimating dry mass in mixed-forage areas.

1. Introduction
1.1 Introduction

Beef cattle farming is one of the most significant economic
activities in Brazil. This production system has benefited from
Brazil’s favourable agricultural context, characterised by
extensive territory, good soils, suitable climate conditions, and
strong investment in agricultural research and development
(Bungenstab and Almeida, 2014). As forage crops are the basis
of cattle feed and their nutritional value varies according to
species (Frota, 2015), it is essential to assess their quality to
ensure proper animal growth. Forage quality assessment has been
done manually by cutting, drying and weighing the collected
material to determine dry mass, but these techniques are
exhaustive, time-consuming and expensive over large areas.

The use of remote sensing and photogrammetry techniques, with
unmanned aerial vehicles (UAVs) and lightweight multispectral
sensors, such as the Mavic 3M UAV (DJI, 2024), shows potential
for estimating forage evaluation parameters, including dry mass.
Photogrammetric products can be generated from UAV images
to extract three-dimensional and spectral metrics that serve as the
basis for pasture parameter estimation models, as seen in da Silva
et al. (2024) and Oliveira et al. (2020). The Structure from
Motion (SfM) technique has proven to be an effective and low-
cost approach for the three-dimensional image orientation and
reconstruction of a scene from overlapping 2D images. The
resulting multispectral mosaic and the Digital Surface Model can
be used to estimate the height of agricultural crops (Viljanen et
al., 2018).

Light Detection and Ranging (LiDAR) and Terrestrial Laser
Scanning (TLS) technologies can also be used in agricultural
applications, particularly in the stratified characterisation of the
plant canopy. These sensors can penetrate vegetation and provide
direct, detailed information on the three-dimensional structure of
forage species with high precision. These characteristics make
such active sensors valuable tools, given that canopy height
shows a strong correlation with dry matter (Li et al., 2016).
However, airborne and ground-based active systems generally
result in higher costs when compared to multispectral sensors
mounted on aerial platforms or UAV platforms.

This work aims to experimentally assess the estimation of the dry
biomass of forage from different species and mixtures using
multispectral data. Two scenarios are tested: (1) using only
multispectral imagery and (2) combining spectral information
with canopy height measurements obtained in the field. This
approach seeks to provide a more efficient and scalable
alternative to traditional manual methods for assessing forage

quality.
2. Study area and data acquisition

The experiment was conducted on a farm intended for a crop-
livestock integration system (ILP) and situated in the
municipality of Caiua, Sado Paulo, Brazil (21°51°29.41°S,
51°57°27.84’W). The study area is 12 hectares in size and is
divided into five plots (A1, A2, A4, AS, and A6). Each plot was
planted with different forage species (Figure 1 and Table 1) and
with ten sampling points. The collected samples were dried in an
oven and weighed to determine dry mass, and canopy height was
directly measured at each point. A homogenised sample was
taken from each plot. At each plot, canopy height was measured
twice, and the average was used as the representative value.

396000 400000 404000 408000 50°26W 4612

401600

SOYBEAN FARM
Calu, SP
Universal Transverse Mercator (UTM) Zone
22, South, SIRGAS 2000 Datum.

8

Cartographic basis of Territorial Boundaries 3

(IBGE, 2022) <

Cartographic preparation: Matheus M. Silva
2024

400800 012 401600

Figure 1. Location of the study area.
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. Standard
Plot Forage species Mean deviation
Al Brachiara ruziziensis 3157.43 1295.98
A2 M BRSPR@+B. 5,300 1g909;
ruziziensis
Mix: BRS Marandu +
A4 BRS Xarass 2737.15 1028.04
AS BRS Marandu 2919.62 1021.61
A6 M BRSP@+B. 50000 g6 5
ruziziensis

Table 1. Reference statistics (mean and standard deviation) of
dry mass obtained for different forage species per plot.

RGB and multispectral sensors, measuring 1/2.8 and 4/3 inches
respectively (Table 2), were used on the DJI Mavic 3M UAV
(Figure 2a) to acquire the images, capturing data in the green (560
+ 16 nm), red (650 + 16 nm), red edge (730 £+ 16 nm), and near-
infrared (860 + 26 nm) bands. The flight campaign took place on
April 30, 2024, at a flight height of 100 meters, with frontal and
lateral overlap of 80% and 60%, respectively. In addition, to
ensure precise positioning of the camera’s exposure stations, an
RTK base (DJI D-RTK 2) was used and synchronised to the
onboard receiver.

Sensor details Multispectral RGB

Field of view 73.91° (61.2° x 84°

(FOV) 48.10°)

Focal length 4.34 mm 12.29

Aperture /2.0 2.8 a f/11

Type of focus Fixed Imaow
Electronic: 8-

Electronic: 1/30 ~ 1/8000 s

Shutter speed 1/12.800 s Mechartc: 8
1/2000 s

Pixel size 1.998 um 3.358 ym

Image size 2592 x 1944 pixels 5.280 X 3936
pixels

Image format TIFF JPEG/DNG

Table 2. Technical characteristics of the DJI Mavic 3M Sensor.

During image acquisition, radiometric calibration panels (Figure
2b), made of medium density fibreboard (MDF) and painted with
acrylic material, were placed in the study area with the following
colours: white, light grey, dark grey, and black. The radiance
reflected by each of the four panel colours was measured using
an ASD FieldSpec HandHeld spectroradiometer with a 1° lens
and subsequently converted into reflectance values to assist in the
radiometric calibration process.

a by
Figure 2. (a) DJI Mavic 3M; (b) radiometric calibration panel.

For the georeferencing of the orthomosaics, control points were
acquired using the RTK positioning method. In total, eight
ground points were surveyed: six ground control points (GCPs)

and two check points (CPs), with a horizontal accuracy of 9 mm
and a vertical accuracy of 15 mm.

3. Methodology
3.1 Geometric processing

Metashape version 2.1.2 (Agisoft LLC, 2022) as used for
phototriangulation, DSM and orthomosaic generation. The
project parameters were defined with an initial accuracy of 20 cm
and 2° for the exterior orientation parameters (EOP), comprising
the camera position components (X, Y, Z) and the rotation angles
(o, ¢, k). In addition, a precision 0.5 pixels was defined for the
photo-coordinates and an accuracy of 2 cm for the GCPs. The
reference system adopted was SIRGAS 2000, with UTM
projection, Zone 22 South.

The geometric processing followed the workflow recommended
by the manufacturer: (1) Initial image alignment, based on aerial
triangulation (AT) and bundle block adjustment (BBA), to
generate a sparse point cloud using the coordinates of the
exposure stations determined by the RTK system; (2)
Measurement of control points in the images and refinement of
the initial alignment of the data, taking the ground control into
account; (3) Manual and automatic removal of spurious and noisy
points from the point cloud; (4) In situ calibration of the camera’s
internal orientation parameters; (5) Creation of a dense point
cloud from the sparse point cloud and the correspondence
between points in the various images; (6) Generation of digital
surface models (DSM) and digital terrain models (DTM); and (7)
Generation of orthomosaics from the orthorectification of the
original images of each band.

The orthomosaics were exported with a Ground Sample Distance
(GSD) of 4.6 cm for each multispectral band (Figure 3c) and 2.7
cm for the RGB images (Figure 3b).

(a) (b)

(c)

Figure 3. (a) Distribution of ground control points; (b) RGB
ortho-mosaics, and (c) false-colour multispectral orthomosaic.
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3.2 Radiometric processing

The radiometric calibration aims to convert the digital numbers
(DNs) of the orthomosaics into physical reflectance values. To
this end, the empirical line method (ELM) was adopted, based on
a simple linear regression (Equation 1) between the mean DN
values of the calibration plates and their corresponding
reflectance values obtained in the field using a spectroradiometer.
In Equation 1, (a) represents the slope (gain), while (b) represents
the y-intercept (offset).

R=axDN+b )

The determination of the empirical line requires the following
tasks: (1) radiance measurements of the radiometric plates
(white, light grey, dark grey and black), including a Spectralon
type reference plate with a spectroradiometer; (2) conversion of
these measurements into a reflectance factor, taking into account
the radiance reflected by the target of interest (L) and by the
reference plate (L,), in the same spectral band, in addition to the
application of a correction factor (k) (Equation 2) (Jensen, 2009);
(3) simulation of optical sensor bands, considering their
integrated spectral response, corresponding to a weighted

average value based on bandwidth; (4) normalisation of the
orthomosaics; (5) black level correction by subtracting the dark
current value (3200 ND), as specified by the sensor
manufacturer; and (6) extraction of average ND values using
QGIS software version 3.34.35 (QGIS Development Team,
2023), from 5 x 5 pixel polygons (equivalent to 23 x 23 cm)
defined over the calibration targets.

Ly

pr=—"-k 2

Ly

Then, the calibration coefficients were calculated using
Microsoft Excel, and these values were subsequently used to
convert the orthomosaics to reflectance values using the Raster
Calculator tool in QGIS. The absolute error (AE) analysis was
used for the quality control of the empirical line adjustment.

3.3 Features extraction

The reflectance values for each band were extracted from the
orthomosaics in the same position of the ground samples, using
average values from a window with a radius of 28 pixels. From
these values, 17 spectral indices (Table 3) were calculated using
the R script (R Core Team, 2023) with the RStoolbox package
(Miiller et al., 2025). These spectral indices were selected based
on their recognized use and validation in the literature for
vegetation analysis.

3.4 Model and quality assessment

To assess the relationship between the explanatory variables and
to test for multicollinearity, Pearson’s correlation matrix was
used. This approach allows us to understand the degree and linear
relationship between pairs of variables, with coefficients ranging
from -1 to 1 (Figueiredo Filho and Silva Junior, 2009).

Given the potential multicollinearity among the explanatory
variables, Principal Component Regression (PCR) was used to
estimate dry matter. This approach combines Principal
Component  Analysis (PCA) with multiple regression,
transforming the highly correlated original variables into a new
set of orthogonal components through linear combinations. A
subset of these components, which explains most of the total
variance in the data, is then used as an explanatory variable in the

regression model, reducing dimensionality and multicollinearity
(Hadi and Ling, 1998; Artigue and Smith, 2019).

It should be noted that the modelling stage was carried out using
19 samples from plots Al and AS, since plots A2, A4 and A6
contained a mixture of cultivars. The dataset comprised 19
observations, with dry matter as the response variable and 21
explanatory variables (bands and indices). The samples were
divided into 70% for training and 30% for testing.

Both the correlation analysis and the dry matter modelling stage
were implemented in R using the correplot and pls packages,
respectively. The estimation of dry mass was carried out in two
scenarios: (1) without considering the canopy height variable,
and (2) using canopy height measured in the field. The quality of
the estimates in the three scenarios was assessed using the
coefficient of determination (R?), the root mean square error
(RMSE) and the percentage error (RMSE%). In addition, the
number of principal components used in the multiple regression
for each scenario and the percentage of variance explained by
each of them were analysed.

4. Results
4.1 Geometric processing

Table 5 shows the results of phototriangulation, indicating high
quality of the bundle adjustment of multispectral block, with
errors of less than one GSD in all components. Planimetric
accuracy was higher than altimetric accuracy, as expected.
Despite the consistent overall accuracy, the altimetric uncertainty
may limit the precise estimation of canopy height. In addition,
the generation of a Normalised Digital Surface Model was not
reliable enough due to the variations in the bare soil surface. Due
to these issues, grass heights directly measured in the field were
used in the estimation. In future works, a lidar sensor will be
integrated to generate accurate DSM.

Stacked multispectral bands X Y Z

RMSE (cm) 1.9 28 32
GSD error 04 0.6 0.7
Table 5. RMSE, GSD, and relative error of the geometric
processing.

4.2 Radiometric calibration

The results of applying the empirical line method (ELM) focused
on the linear correction of the multispectral bands, identifying the
most suitable radiometric targets. In addition, a validation point
(vegetation), independent of the adjustment and determined in
the field, was used for quality control. Thus, the linear
calibrations for the four multispectral bands were firstly
performed considering the four radiometric targets.

It was observed that, in the green band, the white target was
already saturated and, because of its use in the empirical line
calibration, the light gray target exhibited apparent saturation,
with digital number (DN) values close to 1 (normalized to a 16-
bit scale). Consequently, it was decided to exclude the white
target from the modelling, retaining the light grey target, as its
inclusion would increase the slope of the line and affect the
estimation of the validation point. For the other bands (red, NIR,
and red edge), all four radiometric targets were retained.

The results obtained were 3.4%, 1.2%, 1.4% and 4.3% for the
green, red, red-edge and NIR bands, respectively. Similar results
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Spectral indices Equation Autor
Corrected Transformed Vegetation NDVI+0.5 Perry ?lrlld
Index (CTVI) INDVI £ 0.5] Lautenschlager
: (1984)

. . . Richardson and

Difference Vegetation Index (DVI) s-nir —red Wicgand (1977)
Ao 2(nir? —red®) + 1.5 - nir + 0.5 - red
Global Environmental Monitoring nir +red +0.5 Pinty and Verstraete
Index (GEMI) GEMI = A (1025 1) red — 0125 (1992)
B ' 1—red

Green Normalized Difference nir — green Gitelson and
Vegetation Index (GNDVI) nir + green Merzlyak (1998)
Kernel Normalized Difference nir — red\? Camps-Valls et al.,
Vegetation Index (KNDVI) tanh (—m-r ¥ red) (2021)

Modified Soil-Adjusted Vegetation
Index (MSAVI)

nir + 0.5 — (0.5 - /(2 - nir + 1)2 — 8 - (nir — 2 - red))

Qi et al. (1994)

Modified Soil-Adjusted Vegetation

2 (nir +1) — /(2 - nir + 1)2 — 8 - (nir — red)

Qi etal. (1994)

Index 2 (MSAVI2) 2
Normalized Difference Vegetation nir —red
Index (NDVI) nir + red Rouse et al. (1974)

Normalized Difference Water Index

green — nir

McF 1
(NDWI) green + nir cFeeters (1996)
red
Normalized Ratio Vegetation Index nir
(NRVI) red Baret et al. (1991)
—+1
nir
. . red
Ratio Vegetation Index (RVI) — Jordan (1969)
nir
ir — -(1+L
Soil-Adjusted Vegetation Index (SAVI) (nir —red) - (1 +1) Huete (1988)
nir +red + L
Thiam’s Transformed Vegetation Index nir —red .
mr —red 0_5| Thiam (1997
(TTVI) |nir Tred )
Transformed Vegetation Index (TVI) M +05 Deering (1975)
nir + red

Weighted Difference Vegetation Index
(WDVI)

nir —s - red

Richardson and
Wiegand (1977)

Normalized Difference Red Edge Index

nir —rededge

Gitelson and

(NDRE) nir + rededge Merzlyak (1998)
Modified Chlorophyll Absorption in rededge
Reflectance lndez (T\/ICAR[)rp ((rededge —red) — (rededge — green)) - (7) Daughtry (2000)

Table 4. Spectral indices.

were reported by Sun et al. (2025), who observed errors in the
range of approximately 1% to 4% for validation targets,
indicating that the results obtained are consistent.

The matrix shows positive correlations, with values close to +1,
represented by shades of blue, and negative correlations, with
values close to —1, represented in red.

4.3 Spectral correlation and model

To analyse the correlation between the input variables, Pearson’s
correlation matrix was applied (Figure 4), which allows the
degree of association between pairs of variables to be assessed.

This contribution has been peer-reviewed.
https://doi.org/10.5194/isprs-archives-XLIX-B3-2026-1073-2026 | © Author(s) 2026. CC BY 4.0 License. 1076



The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLIX-B3-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission Ill, 4-11 July 2026, Toronto, Canada

.00 0.07 0.05 006 0.04 0.12 000 0.01 0.00 0.00 0.03 018 0.01 009 0.07 0.06 0.12 025 0.02 022 0.01

020 0.11 0.10 -0.45 0.06 0.09 0.16 024

EEECCEEEGREEES

018 038

045 0.12 033

| B2

o1

Figure 4. Pearson correlation matrix of spectral bands and
vegetation indices.

The correlation matrix indicated that the spectral indices most
positively correlated with grass biomass were the RVI (0.43) and
the NRVI (0.44). The red band (0.39), the NDWI (0.39) and the
KNDVI (0.36) also showed a significant positive correlation.
However, the green band (0.18) and the red edge (0.12)
showedweak correlations. Furthermore, several indices showed a
negative correlation with biomass, such as NDVI (-0.44), SAVI
(-0.44), TVI (-0.44), TTVI (-0.44), GEMI (-0.43), MSAVI (-
0.43), MSAVI2 (-0.43), DVI (-0.42), WDVI (-0.42), GNDVI (-
0.39) and NIR (-0.38).

When analysing the results for estimating grass biomass (Table
6), it was observed that, in scenario (i), the model explained 55%
of the variability in dry matter, using two principal components,
with a relative error of 23.67%. In scenario (ii), which includes
grass height, however, the model performed better, explaining
80% of the variability with three principal components and a
lower error (RMSE% of 19.36%), indicating higher precision in
the estimates. This result reinforces the importance of grass
height, as observed by da Silva et al. (2024).

Scenario  R*  "MSE  pVISE%  PCI%  PC2%  PC3%
kg/ha
i 055 72056 2367 7855 9152 -
i 08 58941 1936 7827 8829 9374

Table 6. Coefficient of determination (R?), RMSE, and
explained variance of principal components (PC%) of grass
biomass models.

5. Conclusion

This study evaluated the use of multispectral imagery obtained
by UAV to estimate the grass biomass of plots comprising
different forage species. Four spectral bands, 17 vegetation
indices and the average grass height in each plot were used as
explanatory variables.

Although techniques based on three-dimensional models
generated by photogrammetric techniques have potential for
obtaining structural parameters, in this study we used direct
measurements of grass height in the field due to the limited
accuracy of the generated models by the mentioned indirect
methods, which affected the quality of the height estimates.

A multiple regression model was used to estimate grass biomass
based on spectral data and average grass height for each sample.

However, as these variables are derived from spectral data, they
tend to be highly correlated, since multiple bands and indices
often capture similar information, leading to redundancy that
may affect the interpretation of the results. In this context,
Principal Component Regression (PCR) was adopted to reduce
the dimensionality of the data and minimise multicollinearity,
thereby improving the estimation of dry matter.

Results suggested that grass height is an essential parameter for
estimating dry mass, explaining about 80% of the variability in
dry mass values when incorporated into the model. In addition,
the PCR regression technique proved effective in addressing the
high correlation among the original variables.

For future work, we recommend developing a model to derive
canopy height from photogrammetric products and applying
methods to expand the sample set used in modelling. Depending
on field conditions, using a Lidar sensor to provide reliable
canopy height estimates is recommended. In addition, the use of
multispectral sensors with more bands or hyperspectral sensors
should be also assessed, combined with heights determined either
by photogrammetric techniques or from Lidar sensor,
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